The high complexity of aquatic ecosystems and the multiple processes involved, make the development of ecohydraulics and eco-environmental models a challenging subject. Conventionally, computer-based models use a mathematical formulation for the processes involved which are then solved by numerical methods. These models are often derived based on the assumption of spatial homogeneity and conservation principles of mass, momentum and energy. Development of these models often demands a clear understanding of the processes involved. However, the above assumptions are easily violated when spatial heterogeneity, individual species behaviour and local interactions play a significant role in the system dynamics. In particular for eco-environmental systems, knowledge on local interactions that determine the overall system behaviour is not always available.
INTRODUCTION
Given the complexity of aquatic ecosystems, computer-based tools can become very useful for organizing knowledge and information about a system of interest, and support the analysis and discussion among experts in different disciplines.
Since hydroinformatics is concerned with the application of information and communication technologies for the planning, management and conservation of the aquatic environment, the use of hydroinformatics technologies in areas of ecohydraulics and eco-environmental applications arise quite naturally (Mynett 2002) . However, these aggregated models mostly fail to take into account the effects of individual species differences, spatial heterogeneity or local interactions. These properties sometimes are crucial to ecosystem dynamics (DeAngelis & Gross 1992; Chen 2004) . With respect to the underlying processes, it has been widely recognised that knowledge on the mechanisms of ecosystem dynamics are usually limited due to the high complexity of the system and restrictions on availability of laboratory experiments (Recknagel et al. 1994; Recknagel 1997; Lee et al. 2003) . In addition, understanding is often qualitative rather than quantitative and difficult to be formulated in terms of PDFs (Chen 2004) .
Following the rapid progress of high performance computing and advanced survey technologies, other modelling paradigms and techniques are being developed and applied to ecohydraulics modelling. These paradigms include cellular automata, individual based and box based schemes, fuzzy rule-based systems, evolutionary algorithms, and machine learning methods. Compared to conventional modelling paradigms, they are usually discrete in time, space and model variables. They take each spatial unit or individual species as the object to investigate the evolutions in time and the motions in space in order to obtain the global spatio-temporal patterns of the system. These techniques usually employ empirical knowledge as a reference, and discover embedded rules from the collected data which are then used to supplement the insufficiency of available understanding (Weiss & Indurkhya 1998; Witten & Frank 2000) .
Hydroinformatics technologies can bring innovative approaches to ecohydraulics by integrating continuous
formulations with discrete paradigms, and physical equations with data mining techniques. Integrated ecohydraulics modelling is seen to become a promising subject of environmental Hydroinformatics. Chen et al. (2002) used CA to simulate the competitive growths and colonization of two underwater macrophytes and explained the resulted ecosystem succession in Lake Veluwe, the Netherlands. Morales-Chaves (2004) investigated the growth and spreading of Zebra mussels in the Mississippi River by individual based modelling. Salski and Sperlbaum (1991) and Chen and Mynett (2003) successfully applied fuzzy logic to model eutrophication, and Recknagel (1997) and Li et al. (2005) used artificial neural networks (ANN) to forecast algal blooms. Baptist (2005) derived the vegetation-induced roughness formula from experiment data by genetic programming (GP). Meanwhile, applications of chaos theory in ecohydraulics modelling are under rapid development as well (Jorgensen 1994 (Haan 1977) . Those components with higher than average variance contribution are selected as the principal components (Weiss & Indurkhya 1998; Chen & Mynett 2003) .
Based on PCA, three components were found to give higher than average contributions, representing almost 80% of the total loading from the whole data set.
The results from the factor loadings to these three main components indicate that the significant factors may include pH, DO, Chl-a, R, TIN and Tw, which were selected as the input variables for HAB prediction.
Since phosphorus was recorded as the limiting factor in this area (Qi et al. 2003) , it could also be one of the factors to be included in the model.
Data-driven modelling by ANNs
Data-driven modelling is nowadays quite popular because of its capability to detect trends from observed data and to ANN is one of the commonly used data-driven models in HAB prediction. Since it is able to map inputs to outputs even when the relationships between them are not completely clear (Murray 1993) , ANNs have been used for input variable sensitivity analysis (Maier & Dandy 1997 ) and input variable selection by using network-trimming process (Lee et al. 2003) . In this study, ANNs are used for extracting the dominant factors that determine HAB occurrence as well as for HAB prediction in Western Xiamen Bay. The software used in this study is Weka, which is developed at the University of Waikato in New Zealand.
DOMINANT FEATURE EXTRACTION BY ANN TRIMMING PROCEDURE
Based on the results from correlation analysis and PCA, as well as expert knowledge, 8 scenarios with different input variables were set up ( Table 3 ). The time step for prediction dt was chosen to be one week. The data from stations 2 and 3 were selected for training because they contain all extreme values of input and output variables. The data from station 1
were selected for testing. For scenario 1 (S1), the input variables are selected based on the correlation analysis and PCA results. The input variables for other scenarios are selected by removing one of the input variables at a time.
This procedure represents a network trimming process, starting from the most complicated network (S1) and reducing towards the dominant features. The resulting errors of training and testing for the 8 scenarios are shown in Table 4 and Table 5 . In addition, the testing results are shown in Figure 3 .
The training results of the 8 scenarios were all quite successful in capturing the peak values of Chl-a. This proves that MLP-ANNs have a high learning ability for the given training data. However, in the testing results, scenarios 1 and
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Figure 2 | The example of ANN structure. For the Xiamen case, the ANN results showed the importance of rainfall in HAB prediction. This can be traced back to historical HABs (Chen et al. 1993) . Rainfall is a very important nutrient supply carrier and indirect indicator of nutrient enrichment, especially in the period from April to June in Western Xiamen Bay. Also, rainfall may lead to salinity reduction, which may benefit the growth of some algae species. the importance of coupling hydrological processes, nutrient transport processes and algae growth processes in HAB prediction for this study area.
COMBINED NUMERICAL -FUZZY LOGIC MODELLING OF EUTROPHICATION IN TAIHU LAKE
Taihu Lake which is situated in the Yangtze Delta is the third biggest freshwater lake in China, and plays an important role in the regional development. In recent years, the lake exhibits serious problems of eutrophication, and blue-green algae blooms are observed frequently in most areas
To investigate the water quality changes, monitoring stations have been installed at 79 cross sections in the tributaries and 22 points in the lake. Besides, modelling studies focusing on hydrodynamic and water quality processes in Taihu Lake have been developed as well. The constructed FL model was tested at two sampling sites (noted S12 and S17) ( Table 6) In order to carry out a more quantitative evaluation, defuzzified outputs were calculated and plotted together with the observations. The R 2 is also computed and is given in the figures and can be considered quite reasonable for environmental studies.
Despite its drawbacks, the model was considered accep- 
DETERMINISTIC CELLULAR AUTOMATA FOR MODELLING MACROPHYTE DYNAMICS
There are many systems, in particular ecosystems where the global dynamics evolve from local interactions between species and spatial heterogeneity of environmental factors.
In such cases, spatially-explicit biological models can be coupled with global environmental factors to simulate the ecosystem dynamics (Chen et al. 2002) , as shown in Figure 6 . A CA based model was developed to simulate the competition and succession of two macrophytes species in the Lake Veluwe, the Netherlands.
Description of study area
Lake Veluwe is an isolated part of the larger Lake IJssel in the centre of the Netherlands. The water surface is around 3300 ha, with an averaged depth of 1.4 m. It was formed by the construction of dams in the Southeast part of Lake IJssel in 1952 (Figure 7 ).
According to long-term documentation, the submerged vegetation of the lake has experienced considerable change after its formation, due to changes in nutrient loading. Before 1968, the water in the lake was clear, with diverse macrophytes vegetation. Due to discharge of wastewater from some small cities, the lake became eutrophicated and blue-green algae became dominant. Some restoration measures were taken in the late 1970s, which resulted in the increase of Potamogeton pectinatus (P. pectinatus). The increase of P.
pectinatus provided the precondition for the return of Chara aspera (C. aspera). After 1990, C. aspera colonised steadily and replaced the dominance of P. pectinatus.
From an ecological point of view, it seemed that P. pectinatus would outcompete C. aspera in the Lake Veluwe. However, C. aspera outcompeted P. pectinatus and replaced it gradually. Analysis of long-term observations indicated a self-reinforcing ability of C. aspera during eutrophication. C. aspera returned at a lower phosphorus level (0.1 mg/l) than the level at the time of its disappearance (0.3 mg/l), a phenomenon known as hysteresis; therefore it can be concluded that phosphorus is not a key factor in this case. It is supposed that the competition of 
Results and discussion
The results of the model are presented in two ways: by visualisation of the growing and spreading patterns of the two species in the lake (Figure 9 ), and by time series of biomass density averaged over sampled cells.
As shown in Figure 9 , the colonisation is from the Northeast to the Southwest, and it is faster in longitudinal direction than in transverse direction. Besides, the colonisation of C. aspera is faster than that of P. pectinatus. Several simulation scenarios are carried out to test the governing factors. The result showed that the light intensity and 
FUZZY RULE BASED CELLULAR AUTOMATA FOR MODELLING ALGAL BLOOMS
In the CA model of Lake Veluwe, deterministic rules were applied obtained from lab experiments and calibrated by field data. However, often such deterministic rules are not available because detailed mechanisms and their statistical properties remain unclear. In such cases, rule-based techniques can be used as an alternative. The following case study demonstrates the application of such Rule-based tidal cycle, which was then repeatedly used for a year.
The Dt was aggregated into 7 days in the rule-based model for algal biomass estimation.
The CA module was directly implemented on the curvilinear grid, which of course did not strictly follow the original definition of CA where square grids are used.
However, this approximation can be acceptable as the geometry of the cells does not have much variation in the nearest neighbours. The Moore neighbourhood configuration (Wolfram 1984) was applied in the CA model and the local evolution rules were formulated in general as:
where S tþ1 i;j is the state of cell (i, j) at time step t þ 1, p S tþ1 i;j is the state of the cell (i, j) at time step t þ 1 which is preliminarily estimated without local interactions,
N is the preliminarily estimated states of the eight neighbouring cells, and f are local evolution rules. In this study, the state S takes a value of the set S Chl2a [ ðL; M; HÞ: Supposing p S tþ1 i;j ¼ p; the rules f are defined as: cesses. The life cycle of each species of mussels can be divided into as many stages as deemed necessary to give an appropriate representation of the population. Expert knowledge is integrated into a habitat suitability model that is used to estimate mussels' mortality. Larvae and young juveniles dropping from the host fish are suspended in the flow and experience hydrodynamic transport (dispersion). If habitat conditions deteriorate, juveniles and adults can move in search of more suitable habitats, though this commonly occurs at a very slow rate. As juveniles settle in the river bed, a basic bioenergetics model is used to compute mussels' growth and when adulthood is reached, reproduction is activated. The growth of individual mussels depends on food availability and mussels' ordering for feeding is the mechanism used.
The core of MDM simulation is an individual-based configuration model (DeAngelis & Gross 1992 ) that applies Investigating the effect of flow rate on mussels' distribution Freshwater mussels spend most of their lives partially or completely buried in the sediments of rivers, therefore nearby bed currents, mean velocities, water depths, and substrate stability may affect their distribution (HollandBartels 1990; Layzer & Madison 1995; Strayer 1999a ).
Different species may have different tolerances to these parameters and the frequency and magnitude of extreme flow events dictates which species can survive in a given habitat (Di Maio & Corkum 1995) . In addition, flow conditions during larvae release and juvenile settlement may limit recruitment in established mussel beds (Hardison & Layzer 2001; Hastie et al. 2001) .
In MDM the effect of flow conditions on mussel dynamics is simulated in two steps: (i) in the habitat suitability model hydrodynamic variables are used to determine the locations where mussels can survive at different life stages; (ii) in the dispersion routine a Lagrangian particle tracking mechanism is used to determine the position of larvae and young juveniles travelling with the flow. Simulations are made following the mean yearly hydrograph observed in the river reach so that flow extremes and seasonal flow variability can be taken into account.
To test MDM predictive capabilities, a 10-km reach of Navigation Pool 16 in the Upper Mississippi River (UMR)
was used as a case study (Morales-Chaves 2004) . An initial population of 700,000 native mussel larvae was homogeneously distributed in the 15 km 2 domain and followed throughout their life cycle. Suitable areas for mussel survival ( Figure 14A ) were identified based on water depth, mean velocity, substrate type, and substrate stability (Morales et al. 2006b ). Dispersion of juveniles with the flow determined the patterns of colonization of suitable habitats ( Figure   14B ). Those mussels settling in suitable habitats survived and formed mussel accumulations that coincided with the location of historic mussel beds ( Figure 14C ).
The sensitivity of the results to changes in flow rates is discussed in Morales et al. (2006a Morales et al. ( , 2006b ) and summarized in Table 7 . As the flow rate increases, the number of suitable areas for mussels to inhabit decreases due to active sediment motion at medium to high flows. The mean flow condition greatly overestimate the real habitat suitability;
for this reason the 5% flow exceedance probability was Food competition between native and invasive species Native freshwater mussels in the UMR are members of the Family Unionidae and within this group food competition is thought to be negligible (Bauer et al. 1991) , although this may depend on population density (Kat 1982) . The situation has changed drastically with the arrival of the zebra mussels, an invasive species that smothers native mussels and competes with them for food supplies (McMahon & Bogan 2001) . In comparison with native mussels, zebra mussels densities are generally orders of magnitude higher (Strayer 1999b) , and filtration rates can be more than 10 times those of unionids (Strayer et al. 1999 ). Even at low infestation intensities, the loss of food resources due to zebra mussel invasion has been observed to cause a sharp decline in the native mussel population.
MDM was used to estimate the effect of food competition between zebra mussels and native mussels (Morales-Chaves 2004) . Chlorophyll a records from the Long Term Resource
Monitoring Program (USGS 2003) were used to estimate a base food concentration of 0.9 mg C/L. The amount of food available for mussels feeding was computed by multiplying the base food concentration by the volume of the cell and by a factor ff indicating the percentage of the water column to which mussels have access. Because zebra mussels often smother unionids, securing first access to inhalant waters (Strayer et al. 1999) , in the simulations zebra mussels were given priority for feeding over unionids.
First, simulations were made for unionids alone for a long enough period to obtain a developed or stable population (60 y for ff ¼ 100%, 142 y for ff ¼ 10%, 115 y for ff ¼ 1%). Then zebra mussels were introduced in the system applying a fixed upstream boundary condition of 200 larvae/L (based on measurements by USACE, personal communication) entering the domain during every day of the reproductive season (July to September). Because the aim of the simulations was to investigate coexistence of unionids and zebra mussels, only zebra mussels settling in native mussel beds ( Figure 14C ) were considered.
Zebra mussel population growth ( Figure 15A ) was determined by the concentration of incoming larvae, hydrodynamic conditions, and food availability (Morales-Chaves 2004) . The base food concentration was enough to reach the maximum population size dictated by the fix immigration rate. But for ff ¼ 10% and ff ¼ 1% food shortage considerably reduced the population size that was attained. After 10 y the population size remained stable in the three scenarios and densities varied between 25 and 300 zebra mussels/m 2 , which corresponds with ranges reported by Hart et al. (2001) for moderate to high zebra mussel infestation in an upstream reach of the Upper Mississippi River.
In competition with native mussels, zebra mussels took up most of the resources available causing a decline in the native mussel population (Figure15B). For ff ¼ 100%, a slow recovery of the native mussels occurs after the zebra mussels population stabilizes. But for ff ¼ 10% and ff ¼ 1% the native mussels population size drops sharply and after 99%. Annual survival rates of native mussels were between 0.75 and 0.90, similar to those reported by Hart et al. (2001) for moderate to high infestation densities. Even for the most optimistic scenario where mussels had access to all food in the water column (ff ¼ 100%), the population size of the native mussels had to decrease to satisfy zebra mussels demand. When unionids were simulated alone, population densities varied between 2 -98 mussels/m 2 , but after 10 y simulation with zebra mussels, the maximum density of unionids had dropped to 17.8 mussels/m 2 and some former native mussel beds had disappeared (Mora-
les-Chaves 2004).
The situation worsened for lower food availability. The results suggest that coexistence of the two families of species might be possible, nevertheless it must be bear in mind that the sharp decline in native mussel densities at low food availabilities may produce extirpation due to unsuccessful egg fertilization (Downing et al. 1993) .
In general, the relevance of food competition as a population structuring mechanism depends on the relative importance of mussels grazing compared to food resources transport and availability (Strayer et al. 1999) . In the past, food availability allowed the development of rich native mussel communities in the UMR, some of which were extensively exploited with the button industry from 1850's to 1930's (Anthony & Downing 2001) . Prior to the zebra mussel invasion, densities .100 mussels/m 2 had been observed in some areas (Whitney et al. 1997) . The results of our analysis indicate that the situation is likely to change.
If the current pattern of zebra mussel colonization continues and the population becomes permanently established along the UMR a significant shift on resources allocation can be expected, as it has occurred in other freshwater systems in North America (Ricciardi et al. 1996; Strayer et al. 1999 ).
MDM as a decision support tool
MDM is a typical example of an application in the area of environmental hydroinformatics, where knowledge and information from various disciplines is integrated and the application of alternative modeling paradigms is explored.
The individual-based model presented in this paper proved to be very effective for simulating mussel population dynamics.
By integrating individual responses it was possible to observe a range of dynamic variations at the population level, information that was previously unavailable.
The overall agreement between simulation results and observations indicate that the MDM model successfully captured the essential mechanisms of mussel dynamics. The model can be a useful tool to estimate the potential effect of different stressors on long-term dynamics of freshwater mussel communities and consequently improve the current understanding of cause-effect relationships in such a complex system. The model can be used to evaluate the potential effect of different management practices, information that is considered to be extremely valuable for decision makers Figure 15 | Population growth as a function of percentage of food in the water column readily available for mussels feeding (ff). (A) Zebra mussels. (B) Native mussels infested by zebra mussels. The food concentration was 0.9 mg C algae/l and priority was given to zebra mussels over native mussels for feeding.
since it can support the development of appropriate strategies for conservation of natural ecosystems. 
CONCLUSIONS

